
O
n
l
i
n
e
 
C
o
p
y

DOI : http://doi.org/10.22438/jeb/42/2(SI)/SI-263

p-ISSN: 0254-8704
e-ISSN: 2394-0379

CODEN: JEBIDP
JEB

TM

Abstract

Aim:

Methodology:

Results:

Interpretation:

Key words:

 This study was attempted to explore the 
impact of population, affluence (per capita 
consumption or production) and technology on  
emissions using STIRPAT model over the period 
1971-2017 in India. 

 The time series Vector Error 
Correction Model (VECM) approach was 
adopted to conduct stationarity test, co-
integration analysis, stability test and Granger 
causality test. 

 Empirical results indicate a positive 
and significant impact of population between 
ages 15-64 towards  emissions in long term. 
One percent change in population of this age 
group leads to 13.3 percent increment in  
emissions while growth in GDP is not a reason 
for  emissions. 

 Findings support  the 
perspective of Malthusian that population growth 
increases environmental impacts. Therefore, 
while constructing the long-term strategies for  
emissions abatement, policymakers should 
concern these matters fully. 
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Introduction

Worldwide, scientific organizations believe that climate 
change is occurring and is mainly due to the substantial role of 
human activities. According to fifth assessment report of 
Intergovernmental Panel on Climate Change (IPCC, 2014), 

oApproximately 1.0  C of global warming above the pre-industrial 
levels is caused by the human activities. Whereas, if this global 
warming continues to increase at current rate than it is likely to 

o reach 1.5 C between 2030 and 2052. 

Indian subcontinent is one of the major victims of extreme 
weather events such as extreme heat, sandstorms, floods etc. 

rdIndia with a population of 1,380,004,385 is the 3  largest emitter 
of greenhouse gases in the world, after China and US (Eckstein et 

thal., 2019). It is 5 among the top 10 most affected countries in 2018 
due to extreme weather events, with more than 2000 deaths, loss 
of 37,807 million dollars and a fall in GDP per capita by 
0.36%.Therefore, the significance of informed decision on 
environmental policies has emphasized the need for a profound 
scientific understanding on forces driving ouratmosphere (York et 
al., 2004). The expected impact and cost of 1.5 ºC of global 
warming is likely to be far greater as per the revised estimates of 
the Intergovernmental Panel on Climate Change (IPCC, 2019). 
The impact, however, is spatially heterogeneous and the risk is 
generally believed to be more acute in developing countries. In 
order to manage the negative effects of global climate change, 
every country entrusted with the responsibility to reduce Green 
House Gas emissions, irrespective of its status of development. 
Now a crucial challenge for sustainable development is to 
balance the relationship between human and environment as 
human activities have huge impact on ecosystems. The links 
between greenhouse gases (GHGs) and global warming have 
been well documented (Ramanathan and Feng, 2009; Edmonds 
et al., 2017; Kweku et al., 2017). Carbon dioxide (CO ) emissions 2

through the combustion of fossil fuels appear to be the foremost 
contributor of global warming among various other GHGs (IPCC, 
2019). Anthropogenic GHG emissions are mainly compelled by 
economic activity, life style, land use patterns, energy use, 
population size, technology and climate policy (IPCC, 2014).

Broadly speaking, there are two view points on the 
influence of demographic growth on environmental impacts: 
Malthusian Tradition and Boserupian approach (Fan et al., 2006). 
The first perspective claims that environmental impacts occur due 
to population pressure (keeping technological role as exogenous) 
and the solution have to be found in limiting population, instead of 
changing consumption and behavioral pattern. On the contrary, 
Boserupian interpreted the growth of population in context of 
broader conditions keeping the role of technology as 
endogenous, with positive outcomes for environment and 
welfare. Boserup considered a high population density to be a 
precondition for technological innovations and progress in 
agriculture. However, Malthusians predict a higher impact of 

population on greenhouse gases. 

In addition, IPAT and STIRPAT model were used to 
analyze the relationship between population, technology and  
emissions across different countries. The traditional studies have 
related emissions with the rise in energy consumption (Shi, 2003) 
whereas some recent studies claimed that economy (Al-mulali, 
2012, Mustapa and Bekhet, 2018), population (Casler and Blair, 
1997, Mamipour et al., 2019) and technology (Jung et al., 2016; 
Mulatu and Eshete, 2018, Zhu and Gao, 2019) are the crucial 
factors responsible for  emissions. 

Various attempts have also been made in India to assess 
the sectoral and regional wise structure and drivers of CO  2

emissions, including transportation, industry, agriculture etc. 
(Parikh et al., 2009; Sikdar et al., 2016; Wang et al., 2017; Garg et 
al., 2017; Zakarya et al., 2015). However, still limited research has 
been accompanied to comprehensively evaluate the driving 
forces of CO  emissions in developing countries. The scientific 2

awareness of driving forces behind environmental impacts is 
insufficient. The present paper is, therefore, an attempt to 
examine the effect of driving factors namely, population, affluence 
and technology on CO  emissions in India. The steps include 2

determination of co-integrating relationship among variables in 
the model, long term equilibrium and casual relationship between 
variables; and establishing an impulse response function to 
define short-run dynamic relationship among variables over the 
time based on Vector Error Correction Model (VECM). 

Materials and Methods

Data : The data incorporated in this study is time-series over the 
period of 1971-2017 for India. Data on socio-economic variables 
(population, GDP per capita) and  emissions were from World 
Development Indicators (WDI, 2019) published by World Bank 
whereas data on energy intensity were obtained from 
International Energy Agency (IEA, 2019). The summary of data is 
presented in Table 1. 

Estimation techniques: This study will use a vector auto- 
regressive model to investigate the responsiveness of CO  2

emissions using STIRPAT as a base and the interaction of all 
variables in the specification. In Vector autoregressive (VAR) 
model, each endogenous variable in the system is considered as 
lagged value of all endogenous variables in the system, so 
univariate autoregressive model is generalized to vector 
autoregressive model consisting of multivariate time series 
variables.

VAR system of equations can be specified as:

Y  = A Y  + A Y  + ... + A Y  + u                 (1)t 1 t-1 2 t-2 p t-p t

Where, Y are all variables mentioned in the model specification, t 

A’s are (nxn) coefficient matrices, and ut = (u , u , .... u ) are n i 1t 2t nt

P.K. Sharma et al.: Factors contributing CO  emissions 2
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dimensional vectors of multivariate random errors with zero mean 
and covariance matrix. For optimal lag length, Akaike Information 
Criteria (AIC)= T.log (SSR) + 2n, Hannan-Quinn Criteria (HQC) = 
T.log (SSR) + 2n.log (log (T)) and Schwarz and Risanen Criteria 
(SBC) = T.log (SSR) + n.log (T) will be followed. The stationarity of 
series was checked using test given by Zivot and Andrews (1992). 
The null hypothesis of proposed test states that the time series 
that excludes one structural break is non-stationary. 

Furthermore, the Granger Causality Test can be run after 
presenting VECM results. The Wald test is used for testing 
Granger Causality that involves the effect of past values of all 
other variables on current values of remaining variables. There is 
a crucial condition for VAR model to be stable is that the 
covariance should be stationary in order to avoid the explosive 
roots. Thus, all the Eigen values should lie inside the unit circle. In 
order to check the response of one time shock in system on 
current and future values of endogenous variables, impulse 
response function and variance decomposition will be examined. 

IPAT Identity : The debate on IPAT identity is going on since 
1970s. The first simple formulation to analyze environmental 
impact (I) was introduced by Ehrlich and Holdren (1971), where I 
is the overall impact, F is the per capita impact and P denotes 
population. Impact (I) increases if any of the factors on right hand 
side increases. At this stage, technology is not introduced 
explicitly but its impact is hidden in per capita income(F). Shi 
(2003) argued that the population pressure on environment is 
same like the debate about population growth and natural 
resource scarcity. 

Generally, IPAT model postulates that environmental 
impacts (I) are the multiplicative of population (P), affluence (A) 
and technology (T). Waggoner and Ausubel (2002) renovated the 
“IPAT identity” into I=PACT as “ImPACT identity” by 
disaggregating T into consumption per unit of GDP (C) and impact 
per unit of consumption (T) along with P for population, A for 
income as per capita GDP. However, there is some controversy 
about the model. Diesendorf (2002) argued that some of the 

behavioral aspects on the right hand side of I=PAT equation are 
already involved explicitly in each factor. Hence, B could only 
contain those aspects of behavior that are not incorporated in P, A 
and T but this is very difficult to define B in such a precise way. 

The meaning of population (P) has endured during the 
last three decades, but there is confused discussion on the 
dimensions and definitions of I, A and T. To overcome the 
limitations of aforementioned models, York et al. (2003) redefined 
the IPAT model into a stochastic model for ‘Stochastic Impacts by 
Regression on Population, Affluence and Technology’ named as 
STIRPAT to investigate the non-proportionate impact of 
population on environment. The original form of STIRPAT model 
is: 

b c dI  = aPi  A  T  e                                          (2)i i i i

Here, a is the constant scale of model, b, c, and d are the 
exponents of P, A and T and e is the error term whereas subscript i 
denotes that I, P, A and T varies across observational units. This 
model can be written in a simplified form after taking the 
logarithms as mentioned below:

InI  = a + b(InP ) + c(InA ) + d(InT ) + e             (3)it it it it i 

This equation presents a linear relation between 
population, affluence, and technology. It is possible in STIRPAT 
model to substitute a vector of political, cultural and socio-
structural variables for technology (T) and inspect the net effect of 
each on environmental impacts. In a study,  Fan et al. (2006) 
incorporated the percentage of population living in urban areas 
(urbanization, U) and the percentage of population aged 15-64 (L) 
in STIRPAT model as written below:

lnI = a+b  (lnP ) + b  (lnU ) + b  (lnL ) + c(lnA )+ d(lnT ) + e     (4)it 1 it 2 it 3 it it it i

By keeping in consideration the STIRPAT model as an 
integrated approach, in this study the responsiveness of  
emissions as an environmental impact towards the changings in 
driving forces in the Indian economy context following estimation 

Table 1 : Description of variables

Variables Definitions Unit of measurement

Co  emissions Carbon dioxide emissions are those stemming from the burning of fossil fuels and the Mt (Metric tons per capita)2

manufacture of cement. They include carbon dioxide produced during consumption of solid, liquid, 
and gas fuels and gas flaring.

Population Total population is based on the de facto definition of population, which counts all residents Total number
regardless of legal status or citizenship. The values shown are midyear estimates.

Population ages Total population between the ages 15 to 64. Population is based on the de facto definition of Total number
15-64 population, which counts all residents regardless of legal status or citizenship.
Per capita GDP per capita is gross domestic product divided by midyear population. Data are in Constant 2010 
Income constant 2010 U.S. dollars. U.S. dollars
Energy intensity It is calculated using the ratio of total primary energy supply (TPES) per PJ (including biofuels  TPES per GDP

and other non-fossil forms of energy) per GDP. Energy intensity of the economic output.
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technique. This paper revises the equation (3) by incorporating 
the percentage of population aged 15-64, as the population of this 
particular age group is on the rise alongwith total population (Fig. 
2). The final model is in following form: 

lnCO  = a+b  (lnP ) + b  (lnL ) + c (lnA ) + d (lnT ) +e           (5)2it 1 it 2 it it it i  

In our analysis, energy intensity is taken as the sign of 
technology to suggest the impact of technology on environment. 
Since variables on both sides of the equation are in logarithmic 
form so the coefficients were interpreted as changes in 
percentage terms. 

Results and Discussion

The total carbon emissions is on the rise (Fig. 1) and it is 
essential to assess the factors for restricting the emissions as well 
as the negative consequences. Considering the importance of 
different drivers into consideration, Gross Domestic Product, 
population and technology were modeled to analyze their 
interactions with respect to CO  emissions using suitable 2

econometric techniques. India is a growing economy and rise in 
GDP and adoption of technology will surely have an impact on 
emissions. Moreover, the country is witnessing increase in 
population of age group 15 to 64, as evident from Fig. 2 depicting 
high growth rate as compared to total population. This age group 
is supposed to have more capability of using technology and 
more energy intensive tools that are bound to increase the 
emissions. 

Descriptive analysis : The descriptive statistics of selected 
variables over the period from 1971 to 2017 is presented in Table 
2. Except CO  emissions and per capita income, all variables 2

were negatively skewed. The kurtosis that describes about the 
peakedness of probability distribution of variables was less than 3 
for each variable, except energy intensity, means that the 
distribution of these variables is platykurtic (lowest and broadest 
central peak) whereas the distribution of energy intensity was 
leptokurtic (higher and sharper peak) with kurtosis > 3. Higher 
kurtosis results from infrequent extreme deviations, as opposed 
to frequent modesty size deviations” (Westfall, 2014). 

Stationarity test : For time series data analysis, checking the 
stationarity of data is necessary to avoid spurious results. A series 
is said to be stationary when it has a constant mean and variance 
over the time period. In order to check stationarity, Zivot-Andrews 
unit root test was applied that assumes one structural break in 
time series. However, the year selected for structural break was 
not uniform in all variables. This test has a comparative 
advantage over the commonly accepted ADF (Augmented 
Dickey-Fuller) and PP (Phillips-Perron) tests that suppose no 
structural break in time series. Results of Zivot-Andrews unit root 
test are mentioned in Table 3. All variables at level form are non-
stationary in existence of one structural break but stationary at 
first-difference form (I(1)). As variables were not stationary, we 
moved towards co-integration and error correction model. Co-
integration is useful to investigate the long run parameters when 
series are non-stationary.

Estimation of VAR model and optimal lag length : For moving 
towards co-integration, the first issue was to determine optimal 
lag length. Too long lag length distort the data and reduce the 
degrees of freedom (DeJong et al., 1992). whereas, Chen and 
Patel (1988) points out that very short lag length in VAR model 
may not capture the dynamic behavior of variables. Some of the 
common criteria for optimal lag selection were Akaike Information 
Criteria (AIC), Schwarz Information criteria (SIC), Final Prediction 
Error (FPE), Hannan-Quinn Information Criteria (HQIC) and 
Bayesian Information Criteria (BIC). Table 4 provides the 
information of lag selection under different criterion. Majority of 
criteria indicating towards three lags so lag length three was 
considered in VAR model for having co-integration vector. 

With lag length three, the mode of inverse root of AR 
characteristic polynomial of VAR model and stationarity of VAR 
model tested are as shown in Fig. 3, which indicates that mod of 
reciprocal of all characteristic root is in unit circle. Moreover, the 
normality of residuals assures the validity of probability values for 
f-test and t-tests in hypothesis testing. Here, the probability value 
of normality test for residual series (Fig. 4) was also greater than 
the level of significance (5%) indicating the normality of residuals. 
Therefore, lag order of three was appropriate and VAR model was 
stable.

Fig. 1 : Per capita CO  emissions in India.2 Fig. 2 : Growth rate of population in India.
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Table 2 : Descriptive statistics of selected variables

Variables Observations Mean Maximum Minimum S.D. Skewness Kurtosis

Log Co  emissions 44 -0.301 0.547 -1.015 0.466 0.066 1.8262

Log Population 47 20.638 21.015 20.157  0.262 -0.256 1.802
Log Population ages 15-64 47 20.126  20.607 19.575 0.313 -0.128  1.775
Log Per capita Income 47  6.574 7.594 5.944 0.504 0.467 1.958
Log Energy intensity 47  3.031  3.146 2.782 0.092 -0.933 3.034

Table 3 : Zivot-Andrews unit root test for allowing for one break in both intercept and trend

stVariables (in log)                           At level                     At 1  Difference

Break Year Minimum t-stat Break Year Minimum t-stat

Emissions 2001 -3.5329 1997 -7.0914*
Population 1994 -0.4392 2007 -7.2806*
Population age 15-64 1991 -0.9012 1998 -5.8714*
Per Capita Income 1991 -2.4515 1982 -5.5960*
Energy Intensity 1991 -3.3846 2008 -10.5085*

*Critical values: 1% level of significance (-5.43) and 5% level of significance (-4.80)

Table 4 : Selection of optimal lags length

Lag LogL LR FPE AIC SC HQ

0  394.7678 NA  3.81e-15 -19.01306 -18.80409 -18.93697
1  841.1729  762.1550  4.54e-24 -39.56941 -38.31557 -39.11283
2  914.3561  107.0974  4.58e-25 -41.91981  -39.62112* -41.08275
3  952.7974   46.87964*   2.77e-25*  -42.57548* -39.23193  -41.35794*

* indicates lag order selected by the criterion LR: sequential modified LR test statistic (each test at 5% level) FPE: Final prediction errorSC: Schwarz 
information criterionHQ: Hannan-Quinn information criterion

P.K. Sharma : Factors contributing CO  emissions 2et al.

Johansen test for co-integration : In order to check the co-
integrating relationship between the variables of VAR model, 
Johansen (1998) method was used. Johansen co-integration test 
on CO  emissions, population (both total and age 15-64), per 2

capita income, and energy intensity (Table 5) showed that in both 
maximum eigen value test and trace, test, results supported the 
rejection of null hypothesis (mentioned as None* inTable 5) i.e., 
there was no co-integration among the variables at 5% level of 
significance. This means that there exists a long run association 
among the variables and, therefore, VEC modeling can be further 
employed.

VECM estimation and analysis : A special case of VAR model 
for variables that are stationary at first difference is Vector Error 
Correction Model (VECM). According to co-integrating equation, 
the long-run estimate for log of population at the age 15-64 was 
positive and significant, while long-run estimates for per capita 
income, energy intensity and overall population had inverse 
relation with CO  emissions (Table 6). It can be concluded that 2

each percentage point increase in population of specified age 
group will cause 13.3 percentage points increase in CO  2

emissions. For short-run dynamics, error correction model 

estimation is presented in Table 7. The changes in relevant 
variables showed the short-run elasticity, while the coefficient 
term Coint Eq1 (error correction term) represented the speed of 
adjustment towards the long-run equilibrium point. Short-run 
estimates indicated the fact that overall population growth had 
positive and significant impact on CO  emissions whereas the 2

influence of population of age 15-64 was negative. The results of 
variables were in terms of logarithmic difference with carbon 
emissions as dependent variable. 

The effects of population of CO  emissions reflected 2

Malthusian view that a larger population could result in high 
demand for energy for power, industry and transportation. Error 
Correction Model (ECM) coefficient should lie between the range 
of -1 to 0 otherwise it is explosive. As in Table 7, this value is 
representing that the system corrects the previous period 
disequilibrium (restore equilibrium) at the speed of 55.8% 
annually. The process does not converge in long-run, as ECM 
term is positive. 

Granger causality / Block test : Co-integration test determines 
that whether long-run equilibrium relation exists among two 
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variables or not. However, in order to find the existence and 
direction of causality, another test was needed named as Granger 
Causality or Block Exogeneity test. This test applies a restriction 
on VECM to treat as exogenous and examined all five equations 
to decide whether the exogenous variable can be omitted from 
each equation. As the results shown in Table 8, population, per 
capita income and energy intensity granger cause CO  emissions 2

with a unidirectional relationship at 10% level of significance 
which means that these factors had their influence on carbon 
emissions. Here, p-values rejected the null hypothesis of no 

granger causality. 

Impulse response function and variance decomposition: To 
examine the dynamic effects of variables responding to a certain 
exogenous shock, further analysis was completed through 
impulse response function and variance decomposition based on 
VECM model. The results were obtained for 10 periods as 
mentioned in Table 9. Estimates indicated that a positive shock of 
CO  emissions had significant influence on increase. Further, an 2

exogenous shock in population growth of age 15-64 affected the 
population growth, thereby influencing other variables in the 
model. These responses were constantly moving in the long-run 
whereas shocks on other variables were dying sharply and 
converging towards long-run equilibrium. 

Variance decomposition indicates decomposition of 
mean square error into contributions of each variable. It analyzes 

Fig. 3 : Unit root test.
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Table 5 : Johansen Cointegration Test

Unrestricted cointegration rank test (Trace)

Hypothesized no. of CE (s) Eigen value Trace statistic 0.05 Critical value Prob.**

None *  0.834218  215.8130  69.81889  0.0000
At most 1 *  0.798432  143.9297  47.85613  0.0000
At most 2 *  0.750231  79.86458  29.79707  0.0000
At most 3 *  0.361122  24.37587  15.49471  0.0018
At most 4 *  0.149010  6.454218  3.841466  0.0111

Trace test indicates 5 cointegrating eqn(s) at the 0.05 level; *denotes rejection of the hypothesis at the 0.05 level; **MacKinnon-Haug-Michelis (1999) p-
values

Unrestricted Cointegration Rank Test (Maximum Eigenvalue)

Hypothesized no. of CE(s) Eigen value Max-Eigen statistic 0.05 Critical value Prob.**

None *  0.834218  71.88334  33.87687  0.0000
At most 1 *  0.798432  64.06509  27.58434  0.0000
At most 2 *  0.750231  55.48871  21.13162  0.0000
At most 3 *  0.361122  17.92166  14.26460  0.0126
At most 4 *  0.149010  6.454218  3.841466  0.0111

* denotes rejection of the hypothesis at the 0.05 level; **MacKinnon-Haug-Michelis (1999) p-values
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the extent to which each shock contributes to forecast errors and 
unexplained movements in each variable. The results in Table 10 
explained that the variation in CO  emission was significantly 2

described by its own lagged values and shoed a downward trend 
(Fig. 5. A). In spite of the extent of contribution of emissions itself, 
population pressure of age 15-64 had the greatest impact on 
carbon emissions with contribution level increasing by 40% (Fig 
5. B). This outcome is in line with the findings of Ohlan (2015) in 
context of India.

The validity of model was checked by applying the tests 
on residuals. The residuals’ series should be homoscedastic, 
without any serial correlation and have normal distribution. In 
order to test heteroskedasticity, VEC Residual Heteroskedasticity 
test was applied with null hypothesis that residual are 
homoscedastic. The associated probability value in Table 11 and 
12 was greater than a certain threshold level (i.e. 0.05) indicating 
that residuals are homoscedastic. The VEC Serial Correlation LM 
test was applied to test the null hypotheses of no serial correlation 
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(A) Percent LCO  variance due to LCO2 2 (B) Percent LCO  variance due to LP15642

(C) Percent LCO  variance due to LTPESY2 (D) Percent LCO  variance due to LY2

(E) Percent LCO  variance due to LY2
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(Table 12). The results prove the absence of serial correlation in 
residual series.

Estimation of IPAT and STIRPAT identities considered the 
time dimension of data, stationarity, stability, causality and 
dynamic interaction of endogenous variables. Treating CO  2

emissions as dependent variable in our STIRPAT model, the 
analysis mainly focused on the long-run responsiveness of  
emissions due to the change in its driving forces (population, per 
capita income, energy intensity as technology). Next to the 
verification of stationarity, selection of optimal lag length for VAR 
model, and finding the co-integrating relationship among 

variables, VECM was estimated. The findings of population 
variable of age 15-64 meant that one percentage point increase in 
this population group leads to 13.3 percent rise in CO  emissions 2

in long-run. Similar behavior was identified by Fan et al. (2006) for 
overall world, China and countries with low income lower middle 
income and upper middle income. This conform the Malthusian 
view point that the rise in population resulted in the increase in 
environmental impacts. However, in this study, the impact of this 
variable reflected inverse relationship in the short-run.

CO emissions were influenced by overall population 2 

growth in the short-run. Also, the per capita income and energy 
intensity had inverse relationship with CO  emissions. This 2

relation demonstrated that the rise in GDP can lead an economy 
towards low-carbon growth path. An economy with high income 
can afford clean coal technologies and can boost the energy 
related research and development to curb carbon emissions. The 
estimates of Granger Causality were found to be significant for 
overall population, per capita income, and energy intensity in 
conjunction with the findings of Ghosh (2010). The causality is 
running from these variables towards CO  emissions. Moreover, 2

one period shock of CO  emissions and population of specified 2

age group had promoting effect on CO  emissions reflected by 2

impulse response function. 

The human-environment interactions were examined by 
identifying the driving forces of CO  emissions and its 2

responsiveness in India using an integrated approach. The 
framework of environmental impact ‘IPAT identity’ that is 
multiplicative product of population, affluence and technology 

Table 6 : Long-run equation

Co-integrating Eq: CointEq1

Log Co  emissions (-1)  1.0000002

Log Per capita Income (-1) -2.569535
 (0.19790)
[-12.9840]

Log Energy intensity (-1) -1.172449
 (0.09166)
[-12.7907]

Log Population ages 15-64 (-1)  13.33645
 (1.09960)
[ 12.1285]

Log Population (-1) -13.22451
 (1.11026)
[-11.9112]

C  25.20351

Table 7 : Short run equilibrium and feedback equations

Error Correction: D(LCO2) D(LY) D(LTPESY) D(LP1564) D(LPOP)

Coint Eq1 -0.558288  0.043704  0.037801 -0.004272  0.000992
 (0.27173)  (0.27398)  (0.30934)  (0.00936)  (0.00033)
[-2.05461] [ 0.15951] [ 0.12220] [-0.45629] [ 2.96400]

D(Log Co  emissions (-1))  0.075811  0.031957  0.118633 -0.001854 -0.0006642

 (0.24868)  (0.25075)  (0.28311)  (0.00857)  (0.00031)
[ 0.30485] [ 0.12745] [ 0.41904] [-0.21635] [-2.16876]

D(Log Per capita Income (-1)) -0.685698 -0.007116 -0.102103 -0.010966  0.000785
 (0.59396)  (0.59889)  (0.67618)  (0.02047)  (0.00073)
[-1.15445] [-0.01188] [-0.15100] [-0.53583] [ 1.07381]

D(Log Energy intensity (-1)) -0.196847  0.254265 -0.478271 -0.004124  0.000117
 (0.41748)  (0.42094)  (0.47527)  (0.01438)  (0.00051)
[-0.47152] [ 0.60404] [-1.00632] [-0.28670] [ 0.22675]

D(Log Population ages 15-64 (-1)) -11.85058 -3.733835 -0.943314  0.576603  0.004623
 (6.54260)  (6.59693)  (7.44830)  (0.22544)  (0.00806)
[-1.81130] [-0.56600] [-0.12665] [ 2.55770] [ 0.57395]

D(Log Population (-1))  91.67738 -84.29096  65.23238  1.018259  2.448104
 (82.1798)  (82.8622)  (93.5560)  (2.83167)  (0.10118)
[ 1.11557] [-1.01724] [ 0.69725] [ 0.35960] [ 24.1959]

C  0.319310  0.212643  0.031263  0.005289 -6.53E-06
 (0.11893)  (0.11992)  (0.13540)  (0.00410)  (0.00015)
[ 2.68481] [ 1.77321] [ 0.23090] [ 1.29068] [-0.04461]
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Table 8 : VEC Granger Causality / Block Exogeneity Wald Tests VEC Granger Causality/Block Exogeneity Wald TestsSample: 1971 2017; Included 
observations: 40

Excluded Chi-square df Probability

Dependent variable: D (Log CO  emissions)2

D (Log Population)  10.55477 3  0.0144
D (Log Population ages 15-64)  6.109868 3  0.1064
D (Log Per capita Income)  6.942495 3  0.0738
D (Log Energy intensity)  8.508457 3  0.0366
All  20.96757 12  0.0509
Dependent variable: D (Log Population)
D (Log CO  emissions)  5.136254 3  0.16212

D (Log Population ages 15-64)  3.723263 3  0.2929
D (Log Per capita Income)  3.833056 3  0.2801
D (Log Energy intensity)  3.426637 3  0.3304
All  14.73766 12  0.2561
Dependent variable: D (Log Population ages 15-64)
D (Log CO  emissions)  0.505318 3  0.91772

D (Log Population)  3.763018 3  0.2882
D (Log Per capita Income)  2.109336 3  0.5500
D (Log Energy intensity)  4.606693 3  0.2030
All  16.79653 12  0.1574
Dependent variable: D (LY)
D (Log CO  emissions)  1.178514 3  0.75822

D (Log Population)  1.378575 3  0.7106
D (Log Population ages 15-64)  1.795598 3  0.6159
D (Log Energy intensity)  4.740897 3  0.1918
All  12.21753 12  0.4284
Dependent variable: D(LTPESY)
D (Log CO  emissions)  0.553370 3  0.90702

D (Log Population)  1.620803 3  0.6547
D (Log Population ages 15-64)  4.538139 3  0.2089
D (Log Per capita Income)  1.255797 3  0.7397
All  10.99761 12  0.5291

Table 9 : Impulse response function to cholesky (d.f adjusted) one S.D innovation (Response of Co  emissions)2

Period Log CO  emissions Log population Log population ages 15-64 Log per capita Income Log energy intensity2

 1  0.026129  0.000000  0.000000  0.000000  0.000000
 2  0.024312 -0.003902 -0.011580  0.004818  0.003018
 3  0.023541 -0.003769 -0.010915  0.012567  0.003911
 4  0.030938  0.003650 -0.024598  0.012423 -0.001560
 5  0.032445  0.001063 -0.030999  0.010787  0.000898
 6  0.034197 -0.001049 -0.031506  0.007544  0.002572
 7  0.032243 -0.001102 -0.030955  0.004826  0.002025
 8  0.034800 -0.001222 -0.030716  0.003895  0.001264
 9  0.036190 -0.001860 -0.034168  0.004409  0.001017
 10  0.035436 -0.003486 -0.034375  0.005533  0.002283

was adopted in revised form ‘STIRPAT’ to access the driving 
forces of CO  emissions. Both long-run and short-run 2

relationships between these factors and CO  emissions were 2

analyzed using Vector Error Correction Model (VECM). The 
percentage of population aged 15-64 had long-run positive 
impact on CO  emissions growth. The per capita GDP growth and 2

energy intensity had inverse relationship with CO  emissions. 2

India is the fifth most vulnerable country to climate 
change and efforts are being made to transform the economy 
from lower middle income to upper-middle income category. 
Secondly, India is the world’s second largest populated nation 
(1.35 billion). India has an agrarian economy and the negative 
effect of CO  emissions on plant growth has already been well 2

documented. The present study attempts to provide a deep 
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insight into the contribution of population, technology and GDP 
per capita towards CO  emissions. It is essential for government 2

to influence the behavior of people because currently people with 
high income and education desire to have luxurious life style such 
as cars, bigger houses, bigger appliances, more entertainment 
activities, personal travels and so forth. All these activities 
inevitably induce more CO  emissions and energy consumption. 2

Moreover, to optimize economic growth and curb CO  emissions, 2

the focus should be given to environmental friendly technology 
and utilization of energy from other clean sources hydrogen 
energy, nuclear renewables and natural gas.
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Table 10 : Variance decomposition with preferred ordering

Period S.E. Log CO  emissions Log population Log population ages 15-64 Log per capita Income Log energy intensity2

 1  0.026129  100.0000  0.000000  0.000000  0.000000  0.000000
 2  0.038150  87.52020  1.046217  9.212958  1.594938  0.625685
 3  0.048126  78.92160  1.270700  10.93305  7.820959  1.053687
 4  0.063628  68.79400  1.056104  21.20031  8.286672  0.662909
 5  0.078615  62.09628  0.710098  29.43540  7.310931  0.447285
 6  0.091690  59.55949  0.535120  33.44627  6.051602  0.407521
 7  0.102144  57.95568  0.442834  36.13434  5.099469  0.367677
 8  0.112278  57.57330  0.378361  37.39046  4.340900  0.316976
 9  0.122912  56.71124  0.338609  38.92788  3.750918  0.271349
 10  0.132638  55.83716  0.359843  40.14531  3.395038  0.262647

Table 11 : VEC Residual Heteroskedasticity Tests: No Cross Terms (only levels and squares) 

Sample: 1971 – 2017Included observations: 40
Joint test:
Chi-sq df Prob.
 512.2677 480  0.1491

Individual components:

Dependent R-squared F(32,7) Prob. Chi-sq(32) Prob.

res1*res1  0.925875  2.732362  0.0847  37.03502  0.2478
res2*res2  0.924355  2.673035  0.0894  36.97419  0.2500
res3*res3  0.884092  1.668522  0.2483  35.36368  0.3123
res4*res4  0.942321  3.573802  0.0427  37.69285  0.2249
res5*res5  0.898605  1.938653  0.1842  35.94420  0.2889
res2*res1  0.799859  0.874228  0.6385  31.99435  0.4670

Table 12 : Heteroskedasticity and serial correlation tests

Heteroskedasticity Test: Breusch-Pagan-Godfrey

F-statistic 1.706678     Prob. F(17,22) 0.1187
Obs*R-squared 22.74967     Prob. Chi-Square(17) 0.1576
Scaled explained SS 8.160263     Prob. Chi-Square(17) 0.9630

Breusch-Godfrey Serial Correlation LM Test

F-statistic 1.269298     Prob. F(2,21) 0.3017
Obs*R-squared 4.313930     Prob. Chi-Square(2) 0.1157
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